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Abstract. Motion has been a challenge for magnetic resonance (MR)
imaging ever since the MR has been invented. Especially in volumetric
imaging of thoracic and abdominal organs, motion-awareness is essential
for reducing motion artifacts in the final image. A recently proposed MR
imaging approach copes with motion by observing the motion patterns
during the acquisition. Repetitive scanning of the k-space center region
enables the extraction of the patient motion while acquiring the remain-
ing part of the k-space. Due to highly redundant measurements of the
center, the required scanning time of over 11 min and the reconstruction
time of 2 h exceed clinical applicability though. We propose an accel-
erated motion-aware MR imaging method where the motion is inferred
from small-sized k-space center patches and an initial training phase
during which the characteristic movements are modeled. Thereby, acqui-
sition times are reduced by a factor of almost 2 and reconstruction times
by two orders of magnitude. Moreover, we improve the existing motion-
aware approach with a systematic temporal shift correction to achieve
a sharper image reconstruction. We tested our method on 12 volunteers
and scanned their lungs and abdomen under free breathing. We achieved
equivalent to higher reconstruction quality using the motion-prediction
compared to the slower existing approach.
Keywords: magnetic resonance imaging ¨ motion correction ¨ 4D MRI
1 Introduction
Patient motion during magnetic resonance (MR) acquisitions poses challenges
for the MR imaging process. While the MR acquisition space, called k-space,
is measured, movements induce inconsistencies which lead to motion artifacts
in the final image. This has severe clinical implications. For example, in liver
MR examinations, motion artifacts are the leading cause for repeating an MR
acquisition [12]. This involves considerable costs as shown in a neuro-radiological
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Fig. 1: Pseudo-random pattern in the phase encoding directions where the k-
space center Ct and a peripheral patch Ht are sampled. Note that in the fre-
quency encoding direction always the full k-space is sampled.
study about MR examinations [1]. The estimated costs associated with motion
artifacts amount up to $115,000 per scanner per year. For abdominal and tho-
racic MR examinations the expenses are expected to be even higher. Moreover,
methods which can reduce motion artifacts are essential for the clinics not only
because they help to cut costs but also because they reduce potential impacts
on patient safety and the risks associated with misinterpretations of motion-
degenerated MR images.
In [7], a motion-aware MR imaging approach has been introduced which can
cope with non-rigid motion. The motion-awareness is achieved by interleaved
and repetitive measurements of the k-space center region while acquiring the
remaining part of the k-space. This monitoring of the k-space center allows the
observation of the motion which happens during the acquisition. The peripheral
part of the k-space can thus be corrected for this observed motion. Due to
the required re-acquisitions of the k-space center, the scanning time of over
11 min and the subsequent reconstruction time of 2 h exceed clinical applicability
though.
In this paper, we propose an accelerated motion-aware MR imaging approach
to reduce the scanning and reconstruction time. The acquisition is divided into
an initial phase where the motion is observed by acquiring the k-space center
only. By generalizing from motion seen in this initial phase, the non-rigid mo-
tion to correct the remaining peripheral part of the k-space is inferred using a
reduced version of the k-space center region. Thereby, one can almost half the
scanning time from 11 min to 6 min and reduce the reconstruction time from
2 h to 3 min. Moreover, we extend the motion-aware approach [7] by taking into
account the systematic temporal shift which occurs in the patch alignment. Ap-
plying this shift correction reduces motion-induced blurring artifacts and results
in a sharper image reconstruction. In the experiments, we show that the average
motion prediction error stays below 2 mm. We further qualitatively show that
the reconstruction quality is similar or higher than for the approach of [7].
There is a vast amount of literature concerning motion in MR imaging. For
a comprehensive review about motion correction approaches in general and with
a focus on prospective methods, we refer to [16] and [9] respectively. Prospec-
tive methods react on motion during the image acquisition by correcting the
pulse sequence accordingly. Generally, they required specialized equipment such
as optical tracking systems and are thus difficult to apply in the clinical routine.
Methods which rely on image or k-space navigators [15] require additional time
in the sequence in order to acquire enough motion information for the correc-
tion. Because prospective methods have real-time constraints the computational
budget is substantially restricted.
In contrast to prospective approaches, retrospective approaches try to invert
the motion effected changes in the acquired data after the acquisition has ended.
Most retrospective and prospective methods are limited to rigid body motion.
Methods which consider non-rigid motion in the reconstruction are usually based
on gating [11] or binning of motion states [8,4], limited to 2D [2,3], or perform
a piece-wise rigid approximation of the estimated motion [8]. Learning-based
approaches try to reduce motion artifacts by directly converting a motion de-
generated image into an artifact-free image [3,6]. However, such approaches are
limited to 2D [6] or to isometric transformations [3]. Moreover, no time-resolved
reconstructions are provided.
Current 4D approaches acquire partial image data over several quasi-periodic
motion cycles and sort them retrospectively into time-resolved volumes using
navigators which is called stacking [5,13]. The validity of the resulting volumes
is, however, difficult to assess. A review on such approaches can be found in [14].
What is unique in the herein proposed motion-aware methods among current 4D
MR approaches is, that it provides continuous motion information while k-space
is measured in 3D. Thus, binning, sorting and stacking is avoided. Instead of
averaged motion cycles, the resulting time-resolved volumes – a 4D MR image –
contains the full variations of motion.
2 Background
In the motion-aware MR imaging method [7] a consistent motion-corrected
k-space is reconstructed based on a specific sampling pattern where the k-space
is divided into small patches (see Figure 1). For each time point t, a part of the
k-space Pt Ă C3 is sampled consisting of a patch within the center Ct and a
peripheral high-frequency patch Ht.
Before Pt is accumulated into a consistent k-space, it is spatially aligned. Let
X Ă IR3 denote the image domain. The non-rigid spatial motion ut : X Ñ IR3
between a reference Pr and any other Pt is derived via image registration of the
respective center patches.
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Fig. 2: Illustration of the different sampling patterns for the standard (upper
row) and the accelerated (lower row) motion-aware sequence. Center patches are
visualized in yellow and peripheral patches in blue.
The image I¯r at the reference time point is finally reconstructed as follows:
I¯r “ F´1
`
K¯
˘
, K¯ “W
Tÿ
t“1
W tF
´
F´1`Pt˘ ˝ ut¯, (1)
W pkxq “
#
1
wkx
wkx ą 0
1 otherwise
, wkx “
Tÿ
t“1
W tpkxq, W tpkxq “
#
1 |Ptpkxq| ą 0
0 otherwise,
where K¯ is the reconstructed k-space, F the Fourier transform, W normalizes
for overlapping patches and W t masks the patch after the non-rigid correction.
3 Method
We present an accelerated version of the motion-aware approach [7], where the
subject motion is modeled from an initial acquisition phase. The resulting model
is used to infer the motion based on small-sized k-space centers in order to correct
for motion in the peripheral patches. In Figure 2, the standard, and the proposed
accelerated motion-aware MR sampling strategies are visually compared.
3.1 Motion Prediction using Cubic Regression
In the alternating patch-wise sampling scheme the center of the k-space is mea-
sured within each time point. Although this ensures that the motion patterns
can be recovered the patches are highly redundant. Our idea is to exploit this
redundancy by predicting the motion fields having sampled only a tiny portion
of the k-space center. After an initial phase, where the larger sized center is sam-
pled only, the correlation between a tiny subset of this center and the recovered
motion pattern is learned. In the subsequent inference phase, these tiny centers
are considered in the patch-wise sampling based on which the motion fields are
predicted. The final overall acquisition time can thus be drastically reduced.
Let pCt be the k-space centers in the initial training phase which are used
to recover ut using image registration. Let further qCt denote the tiny subset of
the center and xt P IRdin (input) the vectorized version of it with din dimensions.
Let us define yt P IRdout (output) as the vectorized version of ut respectively with
dout dimensions. Furthermore, we are given a training set txt, ytunt“1 of n time
points – the training phase. We define the cubic model
yt “ Ψzt ` , zt “ tst, s2t , s3t u (2)
where st P IRdpca are the scores of xt derived by projecting xt into the main
modes of variation of the training set using principal component analysis while
keeping dpca dimensions. The model Ψ P IRdoutˆ3dpca is a weight matrix with
additive Gaussian noise . It is identified in a least-squares sense. Finally, a
motion field ut is predicted given the tiny center qCt and the model weights Ψ .
3.2 Systematic Shift Correction using Quadratic Interpolation
The motion-aware concept is based on the assumption that the motion which
happens while acquiring Pt is negligible. Nevertheless, applying the motion field
ut directly to the peripheral patches induces a systematic temporal shift because
the motion fields are derived using the center patches exclusively (see ∆ in Fig-
ure 2). Therefore, we propose to correct for this systematic shift using quadratic
interpolation
ut˘∆ “ ut ` 9ut pt˘∆q ` 1
2
:ut pt˘∆q2 , (3)
where the time derivatives 9ut and :ut are derived with central differences approx-
imation. As the size of the patches is constant within the different acquisition
phases, the temporal center of Ht is at t` 0.5. Hence, we shift ut by ∆ “ 0.5.
4 Experiments and Results
We scanned the thorax and abdomen of 12 volunteers under free breathing. We
run the standard sequence [7] on three different sites using Siemens MAGNE-
TOM Prisma 3 Tesla for six volunteers and Siemens MAGNETOM Aera 1.5
Tesla for the other six volunteers. Detailed sequence parameters can be found
in Table 1. For six of the volunteers, the accelerated motion-aware sequence has
been run in addition. We distinguish between the following k-space accumu-
lation strategies: static (no motion considered), non-rigid (standard non-rigid
Table 1: The motion-aware sequence parameters used in the experiments.
Patch Radius Points Time
Ct 6 109 272.5 mspCt 10 305 762.5 msqCt 2 9 22.5 ms
Ht 5 69 172.5 ms
Further parameters
Repetition time: 2.5 ms
Echo time: 1.0 ms
Flip angle: 5°
Further parameters
Bandwidth 1560 Hz{px
Field of view 400ˆ 400ˆ 275 mm3
Matrix 128ˆ 128ˆ 88 px
Time points T 1500
Acquisition time (standard) 11.1 min
Acquisition time (training) 76 s
Acquisition time (inference) 4.5 min
Acquisition time (accelerated) 5.8 min
motion compensation [7]), shift-corrected (non-rigid with shift correction) and
accelerated (shift-corrected with variable center patch sizes pCt and qCt). For the
accelerated reconstruction, the training phase lasts 100 time points and the in-
ference phase 1400 time points. The different coil signals are combined in the
spatial domain using root mean squares. The non-rigid image registration has
been performed using AIRLab [10] applying a B-spline transformation model,
an isotropic total variation regularizer on the motion field and the mutual in-
formation image-to-image metric. We further constrained the motion fields to
be diffeomorphic and masked the overall minimization objective with a semi-
automatically derived sliding-organ mask.
Motion Prediction In this experiment, we show the feasibility of the ac-
celerated motion-aware method based on the standard acquisitions. The shift-
corrected reconstruction serves as ground truth. We simulate the accelerated
sampling strategy by considering full center patches pCt :“ Ct exclusively in a
training phase and extracted the tiny patches qCt Ă Ct for the inference phase.
Since the acquisition for the standard sequence extends over several minutes, we
split the training phase into the leading and last time points to account for organ
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Fig. 3: Boxplots with lower and upper quartile of the prediction errors for the 12
different volunteers: average error (cyan), 95th percentile (yellow). The whiskers
extend to 1.5 times of the interquartile range (IQR).
drift. We considered the leading ten principal components to build the motion
model.
In Figure 3, we analyze the motion prediction error of the model with re-
spect to the ground truth. We distinguish between the average magnitude in
displacement error (cyan) and the 95th percentile (yellow) respectively. The av-
erage error stays below 2 mm while 95% of the prediction errors are on average
smaller than 4 mm with few exceptions. We observed a radical change in ampli-
tude of the breathing pattern during the acquisition of Volunteer 9 which could
explain the inferior prediction performance. Overall we can conclude that the
generalization to motion patterns which have not been observed in the training
phase might drop.
Accelerated Motion-Aware MR Imaging The accelerated acquisition and
reconstruction has been performed on six volunteers. The acquisition time has
been reduced from 11.1 min to 5.8 min when compared to the standard acquisi-
tion (see Table 1). The reconstruction time could be reduced from 2 h to 3 min
on average because the amount of time points where a 3D image registration is
required is substantially reduced. We qualitatively assess the reconstruction of
the two acquisition variants in Figure 4 and Figure 5 for different subjects. In
most cases, the accelerated method is even superior compared to the standard
approach as it can be seen in Figure 4. This might be caused by the shorter time
interval ∆ in the inference phase. In the last case of Figure 4 as well as in the
last case of Figure 5, we observe minor blurring artifacts at the diaphragm.
Note, that we cannot make a direct comparison between the shift-corrected
and accelerated reconstruction method (middle and right column) because they
are applied to different acquisitions (standard and accelerated respectively). As
an example, for the reconstructions of Volunteer 6 (bottom row of Figure 5)
there are out-of-plane differences between the two visualized sliced. Furthermore,
we emphasize that even an equivalent reconstruction quality is a major gain,
because the acquisition and reconstruction time for the accelerated approach
were considerably shorter.
Systematic Shift Correction Finally, we tested the systematic shift correc-
tion (see Section 3.2) on 12 standard and 6 accelerated acquisitions.
To quantify whether the shift correction increases the quality of the recon-
structed image, we utilized the average total variation (TV) as a quality measure
which quantifies sharpness. Note that no reference-based quality measure can be
applied in this case because no ground-truth is available.
We investigated whether the TV increases with respect to the non-rigid re-
construction, by applying a one-sample t-test where the null hypothesis is no
change in TV. We found a statistically significant increase in TV (p “ 0.002) for
a significance level of 1% with a large effect size (Cohen’s d) of d “ 0.86.
Static Shift-corrected Accelerated
Fig. 4: Examples of coronal slices through reconstructed volumes. Rows: Volun-
teer 5, 7, 8 and 12. Columns: static and shift-corrected method using the standard
acquisition. Last column: proposed reconstruction method using the accelerated
acquisition. The colored ellipses mark regions of considerable differences.
Static Shift-corrected Accelerated
Fig. 5: Additional example coronal slices through the reconstructed volumes of
Volunteers 4 and 6.
5 Conclusion
We have presented an accelerated motion-aware MR imaging approach which can
cope with non-rigid motion and which yields a time-resolved volumetric MR im-
age. The acquisition time has been reduced by a factor of two and the reconstruc-
tion time by two orders of magnitude compared to the standard approach [7].
The acceleration is achieved by motion prediction using a motion model which
is learned in an initial acquisition phase. In the experiments, we have reached a
sub-pixel accuracy with an average motion prediction error which stays below
2 mm. Moreover, the qualitative assessment shows equivalent or superior recon-
struction quality. Changes in amplitude of the motion after the training phase
may compromise the motion prediction though. Specific maximum inhalation
and maximum exhalation breathing of the patient during the initial learning
phase might be a solution to this problem, which will be investigated in future
work.
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